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Abstract 
Electric vehicles (EV) are often considered as an environmental conscious alternative to conventional vehicles with internal combustion 
engines (ICEV). In order to quantitatively analyse the environmental benefits, it is essential to explore the energy consumption behaviour of EV 
during the usage phase. However, this information is neither available in public domain nor commercial database. Theoretically, the energy 
consumption of driving EV will be influenced by a number of factors, such as road conditions, traffic, etc. Thus, this paper applied Design of 
Experiment (DoE) method to explore the statistical significance of the selected factors. In order to simulate the real world usage phase, the 
Nissan LEAF was tested in Sydney metro area, and the energy consumption was collected under various conditions. The screening results 
define the main factors impacting the energy consumption, as well as measuring the magnitude of those impacts. As a result, a simple binary 
model is generated to estimate the energy consumption of EV for a specific usage condition. 
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1. Introduction 
Private road transportation is a key contributor to the 
mobility of our global society. Against the background of 
climate change, the scarcity of resources and a growing 
population, governments and manufacturer have to look for 
solutions to reduce the environmental impact of private 
transport. In European Union (EU) road transport constitutes 
about one-fifth of the total carbon dioxide emissions. Private 
vehicles alone are responsible for around 12%, where the 
emissions are increasing annually [1]. Furthermore, 
manufacturers are forced to achieve mandatory emission 
targets for new vehicles [2]. An emission reduction of 60% in 
the transportation sector is targeted in the EU until 2050 [3]. 
Electric vehicles (EVs) play an important role to reduce 
greenhouse gases since they are a possible alternative to 
internal combustion engine vehicles (ICEV). This 
development can be seen from the worldwide increasing 
demand of electric vehicles [4].  
Environmental sustainability and the reduction of the 
carbon footprint are an increasing incentive for customers to 
purchase an EV [5]. Even though an EV does not have any 
tailpipe emissions like the ICEV, the environmental impact 
resulting from energy production and the other life cycle 
stages have to be taken into account. This is particularly the 
truth for countries like Australia, where the electricity is 
mainly generated from black coals. Like other active products 
with a long life span, the use-phase has a great importance for 
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its environmental performance. In other words, it is essential 
to analyse the behaviour of the energy consumption during the 
use phase [6]. 
Life Cycle Assessment (LCA) is a standardized 
methodology to quantify the environmental impact over the 
whole life cycle of a product or service. However, the regional 
diversity is often not considered in the LCA use phase due to a 
lack of precise information of the regional factors’ impacts. 
Initial studies suggest that the energy consumption of EVs is 
influenced by a wide range of factors. For instance, the 
temperature in different climate zones can influence the 
drivetrain efficiency and can lead to an increasing energy 
demand as a result using heating and or cooling [7]. 
Metropolitan areas are responsible for more than 80% of on-
road traffic and EVs are especially an alternative for urban 
traffic. However, the consumption in metropolitan areas 
differs from the consumption on the highway. Additionally, 
the traffic as well as the topography can have a significant 
influence on the energy demand [8-10]. Critically, no 
empirical model is available to depict these influences and 
predict the consumption according to the area of use [11]. 
Therefore, this paper aims to experimentally determine the 
significance of selected factors influencing on the energy 
consumption of EVs in the use-phase.  
The remaining sections are structured as follow: section 2 
reviews all possible factors which may influence on the 
energy consumption of EVs; section 3 presents the design of 
experiments (DoE) in order to explore the statistical 
significance of selected factors; section 4 reveals the main 
results from experiments and a binary model for predicting 
consumption; and, section 5 concludes the findings and 
recommends for future work. 
2. Literature survey 
There are numerous factors that can influence the energy 
consumption of an EV. According to the initial study on 
ICEV, there are more than 16 main urban driving parameters 
from vehicle technology to driver’s behaviours [12]. After 
reviewing existing models for vehicle consumption, Figure 1 
lists all the main influencing factors and categories them into 6 
groups: 
x Technology and vehicle factors: 
Battery system is one of the core components of an EV, 
and its technology has a major impact on the energy 
consumption. The associated design factors include battery 
type, number of cells, the stacks, and the  battery 
management system (BMS) design. These factors further 
determine the battery capacity, energy intensity and the 
mass [13]. Also, battery ages  due to charging cycles, 
which is measured by the State of Health (SoH). In 
addition, the regeneration rate has an impact on the overall 
energy consumption. However, regenerative braking is not 
working with high State of Charge (SOC) and a high 
battery temperature [14].  
The HVAC system is also considered as a main factor. 
Due to the absence of combustion engines, either PTC 
(Positive temperature coefficient) heater or heat pump is 
needed to generate heat which requires a higher energy 
than air conditioning in principle. Nevertheless, the actual 
consumption is highly associated with the local climate and 
driver’s behaviour [15]. Other auxiliary components 
include lighting of the vehicle, radio, navigation system 
and optional seat heating and other comfort related devices, 
which are not related with the vehicle’s propulsion. These 
devices are supplied by a 12 Volt battery which is 
connected to the traction battery. However, the overall 
influence on the consumption is low [6].    
Other vehicle related factors are the drivetrain and the 
motor efficiency. They also include the vehicle mass, the 
size and drag coefficient, and the rolling resistance 
attributed to tire design and pressure [16].  
x Artificial environment factors: 
Artificial environment include the infrastructure and the 
environment related to humans such as intersections, traffic 
and traffic lights, the level of urbanization. [12]. 
The traffic can be characterized by the amount of 
congestions, its flow and average speed. The higher the 
level of congestion, the higher is the overall consumption. 
The higher the traffic, the more a vehicle has to decelerate 
and accelerate because of several stops and the variation of 
speed hence the consumption rises. There are several 
possibilities to characterize and quantify the traffic factor, 
i.e. average speed, idle time or stops per kilometre [17-18].  
The level of urbanization is characterised by its 
population density. Urban areas usually feature with high 
number of intersections, traffic lights and forced stops, low 
mean speed limit, low average speed during rush hours, etc. 
In comparison, rural areas and highways show opposite 
characteristics [17].  
Other factors are the road conditions, construction sites, 
intelligent transportation systems and traffic management 
systems [12].  
x Natural environment factors 
The natural environmental factors include the 
topography of a region, the climate zone, the weather and 
countless more variables. Topography can be characterized 
by different parameters, i.e. the average slope, the total 
ascent or descent in meters. In general, the higher the 
variance of altitude, the higher is the consumption due to 
the need to overcome the additional vertical force [13, 17].  
Both the vehicle’s and its components’ efficiency and 
the driver are affected by the climate [19] In particular, the 
weather has an impact on the driving behaviour, i.e. heavy 
rain and fog can interfere the driving. The ambient 
temperature and humidity are correlated to the use of the 
heater and air conditioning.  
Other impact factors can be the characteristics of the 
seasons, the day hours, air density, weather extremes and 
the visibility on the road. 
x Driver factors 
The driver can be characterized by his aggressiveness. 
This is illustrated by the acceleration and deceleration 
pattern. The more aggressive the driving style, the higher is 
the variability in acceleration and deceleration and the 
average speed. This behaviour causes an increased 
consumption [17-18]. The driving behaviour is attributable 
to several driver characteristics: age, gender, etc. [12] 
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Moreover, the need for comfort has an impact on the use of 
auxiliaries, especially on the heating and air conditioning. 
Other factors are the physical conditions of the driver and 
psychology of range anxiety [20].  
x Travel type factors 
The travel or route type is the reason for the journey and 
characterized by specific parameters. The use pattern can 
be described by the frequency and length of the route, the 
daytime, urgency and type of the journey. For instance, a 
commuter shows a different driving behaviour and an 
acceleration pattern than a holiday driver. These factors are 
associated with the parameters of the driver and artificial 
parameters, i.e. traffic flow [12].  
x Measurement factors 
The measurement factors describe a special case of 
experiments. For instance, the warm up period may appear 
a higher energy consumption since cold batteries can show 
a lower efficiency [19]. During the experiment the test 
driver/experimenter combines all parameters in the driver 
group, so different drivers can lead to different results. 
Other factors include SOC and different characteristics of 
the battery, the experience of the experimenter, the 
precision of the data collection, hard- and software and the 
design of experiment. 
Despite the large number of publications in the literature, 
these are either qualitative or focused on one single group of 
factors. More importantly, there is no model derived from 
real-world data to depict the EVs’ performance in a specific 
region. Conducting experiments in a real world is certainly 
challenging owing to the large number of uncontrollable 
factors. Investigating all aforementioned factors in one set of 
experiments is extremely resource demanding and inefficient. 
Therefore, the following empirical study is presented with the 
initial focus on the impacts of topography, infrastructure, 
traffic, climate and their interactions. These factors were 
selected according to the literature and the experiment 
constraints which were discussed in more details in Section 
3.2.  
3. Design of Experiments (DoE) 
According to [21], a generic empirical modelling approach 
is followed for factor screening:  
Step I Trial Run: The trial run is important for testing the 
measurement precision and the possibility of measuring the 
designed parameter. This is essential for assessing problems in 
the data and the data measurement system. The observed 
sample variation determines the number of replications for the 
next step.  
Step II DoE: the DoE first defines the dependent variable, 
independent variables, held constant variables and nuisance 
factors. Considering the experiment constraints, the variance 
level of independent variables and the experiment schedule is 
determined according to frictional factorial design method.  
Step III Data Preparation: Observed raw data need to be 
processed to identify outliers, and separated into clear levels. 
For instance, if the forced stops are more than 3.5stops/km in 
an urban area, the traffic is considered as congested (i.e. at the 
high level).  
Step IV Data Analysis: Different approaches can be used to 
assess the normality of observed samples, such as histogram, 
QQ-Plot, Kolmogorov-Smirnova test, Shapiro-Wilk test, and 
Levene’s test. Analysis of Variances (ANOVA) is then 
preformed to determine the significant effects and 
interdependencies. IBM SPSS® is used for the analysis. 
 
Figure 1. Ishikawa diagram of the impact factors on the energy consumption of EVs  
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Step V Binary Model and Model Validation: Multiple 
linear regression analysis is used to derive a simplified model 
with two levels for each independent factor. Two additional 
runs with different parameters are used to further validate the 
reliability of the derived model. 
3.1. Experiment setup and trial runs 
The experimental setup consists of a Battery EV, a 
controller area network on-board diagnostic (CAN-OBD) 
Bluetooth scanner, an Android device and the data collection 
application. 
The used vehicle for the experiment is a Nissan Leaf 2011. 
The curb weight is 1521 kg, the drag coefficient 0.28 with 
closed windows. Additional to the curb weight, one driver is 
added. The battery voltage is 345 V and the maximum storage 
of energy 24 kWh. The battery is a Lithium-ion battery (NMC 
type), which does not have an active cooling system. To read 
out the vehicles data, an ELM327 OBDII Bluetooth adapter is 
connected to the CAN Bus. The vehicle’s data is sent to an 
Android device, Nexus 7 tablet via Bluetooth. The software 
for collecting the data is the Android application Leaf Spy Pro 
v0.34.51en version of the developer Turbo3. A number of 
parameters are monitored with a minimal interval of 3s, such 
as the battery SOC, auxiliary and heater consumption, GPS, 
velocity, etc.  
A trial route is designed in Randwick area, Sydney. The 
route includes both congested and free flow part with a length 
of 4.17 km. In total, 25 runs were conducted without any 
additional passenger in the vehicle. The variability and 
stability of the measurement system is tested by assessing the 
consumption per run, which is measured by SOC or GID (i.e. 
unit of charge).  
The observed value varies extremely among trial runs. This 
is due to a number of factors. First, the regeneration is not 
possible when the battery is fully charged. This is confirmed 
with the observation, as the consumption is more than doubled 
at the top 10% of SOC. Second, the SOC estimation is a 
complex procedure itself. For the case of Nissan Leaf, the 
coulomb counting is used in the battery management system. 
A significant discrepancy was reported by Bergveld et al. [22]. 
Third, there are numerous uncontrollable factors in a real-
world experiment. For instance, the stops due to pedestrian 
crossing varied from run to run.  
The observed standard deviation is 135.28 (GID) and 95.45 
(SOC). Assuming other route may result in a higher standard 
deviation and the minimum difference between two levels 
will be 100 Wh/km, 30 replicates are needed to achieve a 
0.01% chance of false rejection. Therefore, each combination 
of the fractional factorial design was set to be replicated 30 
times to create a strong statistical power. 
3.2. DoE details 
There are several constrains arose during the trial runs 
which need to be considered for the DoE.  
Firstly, the Nissan LEAF has a limited driving range of 
approximately 160 km in average, which limits the possible 
experimental area of use. The vehicle can only be charged at a 
fixed location which implies that it is not possible to leave the 
urban area. Hence, the top speed limit is only 80 km/h for a 
highway section. 
Furthermore, randomized experiments require testing 
different routes after one charging cycle, which are 
insufficient due the driving range limit and a large number of 
replications. Therefore the runs are implemented in blocks. 
One route was driven several times before it was changed.   
The experiment was performed in July, August and 
September, when the ambient temperature is relative constant 
in Sydney. The impact of the climate had to be simulated by 
the use of heater and air conditioner. Also, all the experiments 
needed to be performed during daylight times to avoid use of 
other auxiliaries like headlights.  
Table 1 lists the dependent variables, independent 
variables, their parameters and units. Apart from the 
independent variables, other factors showed in Figure 1 were 
considered as held-constant and nuisance factors.  
Table 1: List of dependent and independent variables 




SOC / GID Convert to Wh/km 
Independent Variables 
Topography ascent per km / descent per km 
/ ascent and descent per km  
m/km 
standard deviation of the 
altitude 
m 
Infrastructure average speed limit / average 
speed limit with school zone 
km/h 
forced stops per kilometre n./km 
Traffic average velocity  km/h 
idle time share1 % 
congestion index2 - 
ratio of stops and forced stops3 - 
Climate temperature  ̊c 
HVAC average consumption kW 
Note: 1 idle time share is the ratio between idle time and total travel time;  
2 congestion index equal to the mean vehicle velocity divided by the 
standard deviation of vehicle speed;  
3 forced stops refer to intersections, traffic lights, roundabout, etc.  
The 24-1 fractional factorial design is shown in the Table 2. 
This is a resolution 4 design, which means there is 
confounding between two factor interactions and main effects 
and three level effects. Referring the sparsity of effects the 
three factor effect can be neglected. As shown in table 2, the 
designed experiment requires for distinguishing each factor 
into two levels. The topography and infrastructure were 
planned through the route design, whereas the traffic was 
varied between peak (+1) and off-peak hours (-1) and the 
climate was simulated by switching on the heater (+1).  
In total four different route designs were needed according 
to table 2. Hilly area is considered as high level (+1) of 
topography, and urban area is regarded as high level of 
infrastructure. These routes have also to be capable to cover 
different traffic levels. That means, the traffic on the route has 
to vary over the daytime enough to simulate the high and the 
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low traffic level. Therefore, several routes in the range of 
Sydney were tested All the routes have an equal length of 
approximately 5 km. This length is a feasible compromise 
between experimental efficiency, that means to conduct as 
many runs as possible on one day, and the randomization of 
nuisance factors, i.e. random stops due to traffic and road 
conditions. 
Table 2: 24-1 fractional factorial design and confounding structure 
 Infrastructure Traffic Topography Climate  Confounding 
# A B C D  A=BCD 
1 -1 -1 -1 -1  B=ACD 
2 +1 -1 -1 +1  C=ABD 
3 -1 +1 -1 +1  D=ABC 
4 +1 +1 -1 -1  AB=CD 
5 -1 -1 +1 +1  AC=BD 
6 +1 -1 +1 -1  AD=BC 
7 -1 +1 +1 -1   
8 +1 +1 +1 +1   
 
Figure 2: An example of route design 
4. Results 
4.1. Factor screening 
After data preparation, the normality of observed data was 
firstly tested which shows majority of them fits in a normal 
distribution. Only experiment run 3 and 6 show a distorted 
spread. Further levene’s test was conducted which show a 
violation of homogeneity of variances, but not severe. In other 
words, the ANOVA would be robust enough to overcome this 
limitation. The ANOVA table is shown in Table 3. 
As shown in Table 3, the column Sig. shows the 
significance level of tested factors and the interdependency. 
An effect is statistically significant when the p-value in the 
Sig. column is smaller than 0.05. All main effects have a 
significance value near zero and are strongly significant 
consequently. The combined effect of traffic and topography 
as well as traffic and climate are also highly significant. 
However, the interaction of topography and climate with 
p=0.925 does not prove to be significant.  
The results are found to be quite rational. For instance, a 
high traffic on a hilly route can result in more acceleration on 
a slope, which causes higher energy demand. Since AD=BC 
(Table 2), the interaction between infrastructure and climate 
should show the same level of significance. A high level of 
infrastructure (urban area) is correlated with a lower speed and 
it takes more time to drive 1 km. Consequently, the HVAC 
have to be used for a longer period and therefore waste more 
energy per km.  
 Table 3: ANOVA table for the factor screening 
Dependent Variable : Wh/km SOC 







266956.0a 7 38136.6 76.4 .000 
Intercept 5291884.9 1 5291884.9 10599.2 .000 
Infrastructure 22031.4 1 22031.4 44.1 .000 
Traffic 27828.9 1 27828.9 55.7 .000 
Topography 68744.0 1 68744.0 137.7 .000 
Climate 67033.0 1 67033.0 134.3 .000 
Traf. * Top. 21290.8 1 21290.8 42.6 .000 
Traf. * Clim. 7085.5 1 7085.5 14.2 .000 
Top. * Clim. 4.4 1 4.4 .009 .925 
Error 99355.5 199 499.3   
Total 6145051.2 207    
Corrected 
Total 
366311.5 206    
a R-Square = 0.729 (Adjusted R-Square = 0.719).  
4.2. Binary model 
The binary model was developed on the processed data 
from previous steps. The high level of independent variables 
was noted as 1 for model input, and low level as 0. Due to this 
simplification, the interactions between two factors are 
excluded in the binary model. Multiple linear regression 
model was used in SPSS® with the function of stepwise. The 
model-fit was measured by the sum of least-squares. The 
linearity was also tested by histogram and normal PP-Plot.  
The regression analysis shows consistent results with the 
ANOVA, that the climate and topography are the first 
accepted factors and all four independent variables are 
included in the end. The adjusted R-Square value is 0.62 
which is sufficient for a binary model and the purpose of 
rough estimation [21]. The equation is shown in equation 1: 
ݕ ൌ ͳͲͺǤͳͻ ൅ ͶͳǤʹʹ כ ܦ ൅ ͵ͻǤ͵Ͷ כ ܥ ൅ ʹʹǤͶ כ ܤ ൅ ͳ͹Ǥͺͺ כ ܣ (1) 
where y refers to the energy consumption in Wh/km; A, B, C 
and D refers to the infrastructure, traffic, topography and 
climate respectively.  
The constant value shows the level of minimal energy 
consumption for the Nissan Leaf. In other words, this vehicle 
can travel up to 222 km in an idea condition (calculated as the 
battery capacity divided by the constant: 24kWh 
*103/108.19Wh/km). This exactly agrees with the online post 
where a maximum of 138 miles range (222km) is reported 
[23]. The coefficients briefly quantify the effects of each 
independent factor, that HVAC has the most significant 
impact. When the HVAC is in use and driving in a hilly, high 
traffic and stop-go area, the range will drop dramatically to 
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just about 100 km which is considerably lower than the 
advertised range.  
The derived model was further validated through two 
additional runs in Surry hills (urban area) and a different 
section of M1 route (highway area). The difference between 
the measured and the predicted value is less than 5% as listed 
in Table 4. Even though the validation seems to be quite 
accurate a small change in the chosen levels has a significant 
impact on the precision. Especially when the analysed route 
sits in the middle of the high and the low level, the decision 
becomes vague. Thus, the binary model needs to be used 
cautiously.  
Table 4: Binary model validation 
Route Surry Hills M1 
Model input Infrastructure 1 0 
Traffic 0 0 
Topography 0 0 
Climate 0 1 
Consumption 
in Wh/km 
Model prediction 126.067 149.41 
Observed 126.08 156.72 
% deviation 0.78 4.89 
5. Conclusion and Outlook 
The paper firstly reviewed all possible factors influencing 
the energy consumption of EVs in the use phase. A large 
number of factors are suggested from literatures, and they can 
be classified into 6 groups. Experimenting with each factor 
and their interaction would be an ideal case, but requires a 
large amount of resources and sometimes are simply 
infeasible in real world. Alternatively, this paper initially 
focused on four factors and their interaction. An empirical 
approach is proposed and tested with a Nissan Leaf 2011 
model in Sydney. All tested factors show significant impacts 
on the energy consumption of EVs, and some interactions 
between two factors indicate a secondary effect on the 
consumption. The climate (use of HVAC) and topography 
have a greater impact on the energy comparing to other 
factors. The derived binary model further confirms these 
findings. More importantly, the model can be used for rough 
estimation. Depending on the route condition and use of 
HVAC, the range of this car can vary significantly from 100 
to 222 km per charge.  
Like every empirical work, the derived model is only 
reliable for the tested region. It is of great interest to test its 
validity in other regions. The binary model has potential to be 
used as an LCI tool to quantify an EV’s impact during the use 
stage. Moreover, the observed data can be further analysed to 
derive a parametric model.  
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